Abstract-Smart homes of the future will have a number of different types of sensors. What types of sensors and how they will be used depends on the behaviour needed from the smart home. Using the sensors to automatically determine if a home is occupied can lead to a wide range of benefits. For example, it could trigger a change in the thermostat setting to save money, or even a change in security monitoring systems. Our prototype Home Occupancy Agent (HOA), which we present in this paper, uses a rule based system that monitors power consumption from meters and ambient light sensor readings in order to determine occupancy. The agent is also able to determine when the occupants are asleep, and thus provide the potential for further energy saving opportunities.
I. INTRODUCTION
Research into intelligent homes has focused on a range of different issues, including the human-home interaction [1] , and occupant safety [2] . There remain some very basic issues, though, that play a key role to a wide range of smart home investigations. One of these basic issues is how to detect if someone is at home, and if so, whether the occupant(s) are active or alternatively in a sleep period. Investigation into this question leads to other questions. What kind of architecture can facilitate sensor configuration and installation? Exactly what information can be determined for a given type of sensor? Can this be done using very simple, low cost, energy efficient sensors? Indeed there are a number of research projects focusing on various aspects of these questions [3] , [4] , [5] , [6] .
The automatic determination of whether someone is home, or whether the occupants are asleep, can be difficult, but has a number of exploitable benefits in terms of energy conservation, sustainability, and cost savings for the homeowner. Consider an intelligent agent (IA) that could turn down the heat by 2
• C when no one is home. Such automatic behaviour could save the home owner money by lowering heating costs and could also save the home owner time, since (s)he would not need to (remember to) override the thermostat setting.
In this paper, we explore how different types of sensors can be used to get information in the context of determining whether a home is occupied or unoccupied, and specifically whether it is active or inactive. We adopt a bottom-up approach; looking at each type of sensor in detail, first. Home Occupancy Agent (HOA) is our first single agent system prototype for a smart home. With HOA, we start to put forth some answers to the questions posed above. In section 2 we introduce a generalized system design of a sensor network with a centralized intelligent agent. We then discuss the ideas behind monitoring power consumption in section 3, and formulate an algorithm that can be used to determine household occupancy and activity. In section 4, we investigate ambient light sensors and their use, and introduce a profile matrix, discussing how to use it in conjunction with ambient light sensor readings to better determine household and room activity. We then take some of our observations with ambient light sensors and derive an algorithm to determine nightly sleeping periods of occupants (section 5). In section 6, we describe our implementation of HOA in a real home using off the shelf products and report on our test results. We relate our research to similar studies in section 7, and provide some conclusions and directions for future research in section 8.
II. SYSTEM DESIGN
Our approach to designing a smart home is to have sensors communicate with IA software running on appliances and devices within the home. Some of these agents can then interact with the user(s). Types of agents that will run in a smart home can be categorized as either centralized or localized agents. Moslehi notes that there is a virtual hierarchy and a temporal dimension to any agent system that needs to be developed for the smart grid [7] , [8] . These ideas that were developed for the smart grid can be scaled down and used within a smart home. Both systems will have a centralized server system, and localized controls and sensors.
Centralized agents will have a responsibility to collect and store localized sensor data on a continual, periodic basis. These agents can then report aggregations of this data and present them to the user either via the web or an in-home display (IHD). Whereas, localized agents monitor the sensory equipment directly connected to them and make localized intelligent decisions based on the data from the sensors they monitor. Agents will need to communicate with other agents within the home through a series of events, triggers, parameters, and alarms [7] . Figure 1 shows a generalized smart house architecture derived from Moslehi's investigations. The system architecture needs to be general enough to be implementable in a wide variety of different environments. The architecture also needs to be extensible in terms of being able to add components, such as sensors and controls without major rework of the plug and play system architecture. Note that we are proposing an agent that focuses on a more centralized approach. That is to say that the agent will be running on a server and accessing data collected from local sensors via a database to make decisions. We do this to simplify our initial investigation. Another simplification for our initial implementation is that HOA will be a rule-based intelligent agent. If we were to deal with a large number of sensors and a wide range of intelligent behaviours, then a distributed HOA system should be investigated. The general architecture from Figure 1 will form the basis for introducing and evaluating a specific implementation of HOA in section 6. In general terms, the different factors we can monitor are: consumption of power from appliances or devices; environmental sources such as temperature, light levels, time/date, noise; and the movement of individuals, air. All three of these factors are significant to determine home occupancy or activity patterns, but for our current study, we are only looking at the first two in any detail.
III. POWER CONSUMPTION
When monitoring power consumption for detecting occupant activity we look for spikes in kilowatt (kW) readings that correlate directly with occupants turning appliances on and off. Figure 2 shows a graph of kW readings recorded from the two meters in our test home. Our test home also has a heat pump, which is not directly controlled by the occupants. Notice that it is easy to tell when the heat pump is operating and when it is not. Monitoring consumption will be an ideal choice in the future due to high priority initiatives from electric utility companies who will be installing smart meters on every home. This means that power consumption data will be available to use and study.
In Figure 2 , we show electric power consumption (C E ) for a household where there is a meter attached to the heat pump. With information from this meter, we can filter out HVAC system consumption because it: (a) creates large spikes, and (b) will often run when no one is home creating false-positives in occupancy determination. Once filtered out, we can get a more accurate activity determination and find a baseline kW reading for the home, called rest of house (C E R ). Any spike above some safe margin (C E M ) would be then considered activity initiated by the occupant, for example, boiling a pot of water to make tea.
We must set C E M to a reasonable value. In Figure 2 , C E M = 0.9kW would be a reasonable margin, because our test home has an ambient consumption (C E R ) that oscillates anywhere from 0.2kW to 0.7kW. All homes will have a certain amount of ambient consumption (fridge, freezer, electronics on standby mode). Only when meters are installed at every wall outlet would be possible to have no ambient consumption and C E M = 0kW. From the above observations we can derive the following formulae:
(1)
In (1)- (3), C E T is the kW reading of the whole house, C E A1 to C E Aa is a set of kW readings from occupant independent consumption activities (or appliances) that we want to filter out, and a is the number of filtered out activities (or appliances).
IV. AMBIENT LIGHT SENSORS
When monitoring ambient light sensors for detecting occupancy we look for illuminance spikes measured in lux (lx). These spikes correlate directly with occupants turning lights on and off in different rooms. By placing ambient light sensors in various rooms we can thus determine occupant activity. Figure 3 shows a graph of ambient light level readings recorded from each room in our test house. Immediately it is obvious that the readings from room to room are dramatically different and that the data in most rooms are not smooth. This lack of smoothness can be attributed to sunlight levels changing due to: different atmospheric events, such as the sun being blocked by a cloud (not a sign of occupant activity); as well as curtains or blinds being open or shut (which is a sign of occupant activity). This means that using ambient light sensors is not as straight forward as using power consumption.
Some rooms will have more sunlight than others. For example, a north facing room will have small amounts of light when the curtains are open and practically no light when the curtains are closed. Rooms that are south facing have so much sunlight that we cannot tell if the lights are turned on or off during the day. From this we can safely assume that there would be no need for an occupant to turn on a light. Looking at Figure 3 we can observe that light turned on at night reach a light level of 100lx whereas light levels from the sun on a bright day easily exceeds 200lx.
Our test data from Figure 3 has provided some interesting anomalies. For example, the basement recreation room and basement home office are rooms that have east facing windows and even with the curtains closed there is a gradual spike of light in those rooms. North facing rooms, like the north bedroom, do not display this anomaly. Another anomaly was the widening of light curve data. For instance, as winter turns to spring, and spring to summer there is a gradual lengthening of daylight time. Collection of this day period information [9] will thus also have value. A day period is a point in time that states when sunrise, noon, and sunset start. Using day periods helps us normalize the data by removing these seasonal changes.
We must take into account these anomalies when trying to accurately determine environmental occupant activity via ambient light (E L ). A profile matrix becomes part of the solution; at each sensor location and during each day period, lux spikes may or may not be considered occupant activity. For example, a lux spike in a dark north facing room during the day would be activity but that same spike in a bright south facing room would not. If we let P M be the 2D profile matrix indexed by sensor position (n), and the day period (p), E L n be the lux reading from the ambient light sensor at n, then we can use the following formulation to determine occupant activity:
Now that we have introduced measurements associated with consumption and environment factors, we are now in a position to see if we can use these factors to allow a rulebased intelligent agent (IA) to come to a conclusion with respect to occupant (in)activity. The next section examines sleep detection, a challenging activity since it corresponds to a situation where occupants are in the house, but are inactive.
V. SLEEP DETECTION
Our initial examination of sleep detection will use only ambient light sensors to determine the occupants' nightly sleeping period. Any implementation of such an algorithm can be seen as brittle because; (a) sleeping patterns from one home to another can be extremely different, and (b) even within a given household sleeping patterns change over time. One idea would be to look for a lux spike in certain ambient light sensors and create a general rule for our IA to follow. We use E L SS to denote the sensor used when occupants go to sleep (Sleep Start), and we use E L SE to denote the sensor used when occupants wake up (Sleep End). The following simple algorithm can be used to determine the sleeping period: In the above algorithm we make two assumptions for simplicity that the occupants: (1) go to sleep before midnight, and (2) wake up before noon (12:00pm).
VI. EXPERIMENTATION SETUP AND EVALUATION
We implemented HOA in a real home using off the shelf products. The advantages of choosing this solution was that there were no extensive renovations done to install smart light switches. The installation of the meters did require a nontemporary solution but that was the choice of the home owner. Figure 4 illustrates the different components of the HOA system.
Data is retrieved from a number of different sources at 15 minute intervals. Weather [10] and day period [9] data sets are retrieved from external third party websites. Ambient light sensor data is collected over a ZigBee home area network (HAN). There are 7 sensors installed throughout our test home in various rooms. Power consumption data is collected from 2 meters over the same ZigBee HAN. All data is stored in a central database. HOA accesses the database and analyzes the historical data looking to see if anyone is home or not. We collected data from January 22 nd to August 28 th 2010 for a home in Burnaby, Canada. This data was used as the input to algorithms to determine occupancy by 1) power consumption and by 2) light levels. We then used the data to determine if the occupants were asleep. The HOA results are then compared with correct results using the standard precision-recall methods. Table I shows how HOA performed.
It is not surprising that determining occupancy by power consumption is most accurate, particularly if you are able to cancel out background consumption from known non-occupant triggered events. Although we were able to obtain an f-score of 100%, this was only because of very detailed information being used to determine the threshold value in equation (3) .
Determining occupancy from light sensor data did work very well. From a more detailed examination of our results, we found there where 19 out of 219 days where the day's precision or recall scores where below 80% due to unusual light levels. Unusual levels included extremely low sunlight levels, where the algorithm could not tell if it was daylight or light from indoor lamps. The intensity and brightness of natural light changes from season to season presented challenges for our algorithm. Like normalizing the changing lengths of days we would also need to normalize the day light intensity to get a better accuracy for both the ambient light sensor scores and the nightly sleeping detection scores.
The sleep detection algorithm performed quite well, with an f-score of 89%. However, it could easily be improved. Firstly, polling every 15 minutes was too infrequent, if the occupants took less then 15 minutes to go to bed then the trigger for E L SE never fired causing inaccuracies. Secondly, some sensors where not optimally placed. For example, there was no clear line of sight from the sensor to the lighting source. We were limited in sensor placement because the sensor was a small unit that plugged directly into a wall outlet. Thirdly, there were anomalies of 1.2lx spikes during summer that caused the algorithm to infer that the sleep period ended prematurely.
VII. RELATED WORK
Current research revolves around identifying what the occupant is doing. PlaceLab [1] , [4] and MavHome [5] , [6] both use sensors as a commodity. We are interested in a slightly different approach. We want to use the least amount of sensors possible to determine occupancy so that a home can run in a more energy efficient manner. Since each sensor consumes energy, it would not be beneficial if the cost of running a smart home systems was more than the amount of savings the system could realize. We fully agree with MavHome's objective to minimize operation cost [6] .
We feel the use of real homes is important in evaluating the performance IA systems. PlaceLab papers [1] , [4] also agree with this point of view. PlaceLab and MavHome also require the occupants to record their activities as a way to test the performance of the agent to the actual events by using a Bayes learner [3] , [4] . This is very time consuming and onerous to the occupant. Our HOA work is focused on identifying more general events. With more specific event determination we feel that unsupervised learning with a rule-based system might be a more appropriate avenue to pursue.
We want all sensors to be ubiquitous. We do not see that wearable sensors like RFID gloves as part of the solution in an average household. PlaceLab and others [2] have experimented with these. At this point the technology used in wearable sensors is cumbersome and not practical. Wilson et al also discuss why wearable sensors are not appropriate for people with disabilities [3] . PlaceLab [1] has used video cameras and microphones as sensors in their systems. We feel that these types of sensors are too costly and too intrusive as Abascal has pointed out [11] .
Ambient light sensors in a home are susceptible to small changes in lighting levels. Mohamaddoust et al's system only acted on changes of 50lx [12] . This is far greater then the level we have observed in our test home where light sources can change by as little as 3lx. Also their system was a simulated test in a wide open room with multiple light sensors. In real homes, there can be several small rooms in which multiple sensors would be too costly. Light from the sun and atmospheric changes had a dramatic effect on our ability to evaluate light levels, and is an important factor to consider. Mohamaddoust et al state the same for their LACS specifications but later on when testing do not consider these scenarios [12] . This again stresses the importance of testing research in a real home.
VIII. CONCLUSIONS AND FUTURE WORK
With our key constraint of using a minimal number of inexpensive sensors, we were able to use power consumption and ambient light senors to accurately detect occupancy and sleep periods. During our testing period, HOA found that on average a home was occupied 67.87% of the day; 36.72% of that was active occupancy and 31.15% was inactive (sleep) occupancy.
Seasonal effects (e.g. summer, winter), habitual effects (e.g. change in sleep pattern) and environment effects (e.g. light bulbs burning out changing light levels) can have performance impacts on the correctness of determining occupant activity. Identifying the weak spots of each the type of sensor is critical in identifying what different complementary sensors are needed to be deployed in future research. Careful and exhaustive testing of all algorithms we choose to implement is equally as important. Developing HOA with a bottom-up approach will allow us to incrementally improve the detection of occupancy. Some of these incremental improvements involve looking at other common, low cost sensors that we can deploy as part of our research.
There are many directions that we can take HOA. A high priority item for us is to incorporate a learning-based algorithm to complement our rule-based ones. Adding more intelligence presents opportunities to explore Reenforcement Learning, and multi-agent systems (MAS) or distributed intelligence. We feel that ultimately it would be better if more than one sensor could be used to determine occupancy activity as a way to confirm that the activity is truly from the occupant. For example, a power spike in the kitchen could be confirmed as activity because the PIR motion sensor was triggered as the occupant moved.
Lastly, we would like to evaluate and consider sensor performance due to sensor placement. Optimality was not considered in the current sensor layout as discussed above. We also need to look at determining the optimal frequency of collecting data. Using 15 minute intervals, as discussed above, is too infrequent and short events can be missed. We are also considering moving to more of a push system, where data is gathered more locally and the push out the the database server.
